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ABSTRACT 

Central limit theorem (CLT) is considered an 
important topic in statistics, because it serves as the basis for 
subsequent learning in other crucial concepts such as hypothesis 
testing and power analysis. There is an increasing popularity in 
using dynamic computer software for illustrating CLT. Graphical 
displays do not necessarily clear up misconceptions related to this 
theorem. Many interactive computer simulations allow users to explore 
the programs in a ”what“if” manner. However, users may further build 
up other misconceptions when they start with unclear concepts of the 
components that contribute to CLT. This paper analyzes common 
misconceptions in each component of CLT and evaluates the 
appropriateness of use of computer simulation. CLT states that a 
sampling distribution, which is the distribution of the means of 
random samples drawn from a population, becomes closer to normality 
as the sample size increases, regardless of the shape of the 
distribution. Misconceptions are found about the following areas: (1) 

randomness and random sampling; (2) relationships among sample, 
population, and sampling distribution; (3) normality; (4) parameters 
of the sampling distribution; and (5) relationships between the 
sampling distribution and hypothesis testing. (Contains 31 
references.) (Author/SLD) 
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Abstract 

Central limit theorem (CLT) is considered an important topic in 
statistics, because it serves as the basis for subsequent learning in other 
crucial concepts such as hypothesis testing and power analysis. There is an 
increasingly popularity in usJ.ng dynamic computer software for illustrating 
CLT. Graphical displays do not necessarily clear up misconceptions related to 
this theorem. Many interactive computer simulations allow users to explore the 
programs in a "what-if'' manner. However, users may further build up other 
mi sconcepc ions when they start vvith unclear concepts of the components that 
contribute to CLT. In this paper, we analyze the common misconceptions in each 
component of CLT, and evaluate the appropriateness of use of com.puter 
simulation. 
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Identification of Misconceptions in the Central Limit Theorem 
and Related Concepts and Evaluation of Computer Media as a Remedial Tool 

Central limit theorem (CLT) is considered an important topic in 
statistics, because it serves as the basis for subsequent learning in other 
crucial concepts such as hypothesis testing and power analysis. CLT is said 
to be a bridge between descriptive and inferential statistics (Webster, 1992). 
Without CLT, estimating population parameters from sample statistics would be 
impossible (Brightman, 1986) . However, based upon cur teaching and consulting 
experience, literature review, as well as our ov/n research, we found that many 
students and researchers have serious misunderstandings of this theorem. 

To counter this problem, there is an increasingly popularity in using 
dynamic computer software for illustrating CLT (e.g. Dambolena, 1984, 1986; 

Thomas, 1984; Bradley, 1984; Gordon and Gordon, 1989; Kerley, 1990; Myers, 

1990; Bradley, Mittag, 1992; Hemstreet, Ziegenhagen, 1992; Lang, 1993; 
Packard, 1993; Marasinghe, Meeker, Cook & Shin, 1994; Snyder, 1994). Packard 
( 1993 'i found chat learners were enthusiastic about using computer animation 
for learning CLT. Nonetheless, graphical displays do not necessarily clear up 
misconcept ions related to this theorem (Myers, 1990). 

In this paper, we will break down the theorem into several components, 
point OTit the comjnon misconcept ions in each part, and evaluate the 
ciooropr lateness of use of comp'Uter sim.ulation in the context of instructional 
strategies. The position of this paper is that even with the aid of computer 
s i mu 1 at ions , instructors should explicitly explain the correct and incorrect 
s in each conipcncnt of CLT. 

Definition and Components 

CLT states that a sampling distribution, which is the distribution of 
the moans of random samples dra’wn from a population, becomes closer to 
riurmality as the sample size increases, regardless of the shape of 
distribution. r \3 the name iinolies, CLT is central to large sample statistical 
i.nf'''rence and is true by 1 .i.mi tat ion - - i t is true given that the sampling 
distributdon is infinite. More generally, CLT tells that the distribution of 
a sum • r average of a large number of independent random variables is close to 
noriT.al. n.is.od up-'n this ini I i on , '"LT can be divided into the follc'wiivg 
•cncopt s : 
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a) Randomness and random sampling 

i. equality vs. independence 

ii. non-sel f-correct ing p 'ocess 

b) Relationships among sample, population and sampling distribution. 

c) Normality 

i. normal distribution as probability distribution (area = lOOi) 

ii. asymptotic tails 

iii. symmetry and identical central tendencies 

iv. tvvfo inflection points 

d} Parameters of sampling di.stribution: 

i. sample size 

ii. population oistribution 

e) Relat ionships between sampling distribution and hypothesis testing 

CLT is buiit upon the preceding concepts in a correlated manner. 

Mis concept ions in one is likely to cause problems in others. For example, if 
(.ne misconceives that rarivdom sampling is a self-correcting process, one may 
believe that the sampling distribution will compensate biases and magically 
restore equilibrium though the sample size is small or the distribution is 
non-normal. This oversimplified notioii m,ay lead one to overlook the 
asymptotic feature of normal i t y--sampl ing distribution results from infinite 
numbers of sampling, as we ^ as the mechanism of sampling distribution 
construction — sampling distribution is a function of both sample size and 
population. As a result, all these misconceptions together give one a false 
sense of security in conducting hypothesis testing with small ana non-normal 
samples. Fach oi the above categories is addressed riv)'w: 

Randomness and random sampling 

Equality of chances. Many people define random sampling as a sampling 
process that e«.ch element within a set has equal chances to be drawn (e.g. 
Loelher & McTavish, 1988; Myers, 1 990; Moore & M-‘3abe, 1993; Axzel, 1995). 
Equality is associated with fairness. This definition contributes to the myth 
that if the occurrer:ce of a particular event is very frequent, the outcome is 
considered "unfair^^ and thus the saiupling may not be random. This definition 
faibs to reflect the reality that complete fairness virtually does not exist. 

F. -r ‘^x.irr.r if a psycho- k i 1 1 er do a random shooting in a public area, 

whe r.'jvr- snuilL-U' bodies do r.ot have equal chances t.o h'* sh'** as 
^ j] ler adults. By the same token, one should not expect that in an urn oi 
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balls, small balls have equal pr ^abilities to be sampled as large balls. 

Even if we put the same size balls in the urn, we cannot "equalize" all other 
factors that are relevant to the outcome. Jaynes (1995) fully explained this 
problem : 

The probability of drawing arjy particular ball now depends on 
details such as the exact size and shape of the urn, the size of 
halls, the exact way in which the first one v;as tossed back in, 
the ela.sr ic properties of ba‘ Is and urn, the coef f icients of 
friction between balls and between ball and urn, the exact way you 
reach in to draw the second ball, etc.. (Randomization) is 
deliberating t.hr<*v;ing away relevant information v^hen it becomes 
too complicated for us to handle... For some, declaring a problem 
to be ’randomized' is an incantation with th: same purpose and 
effect as those uttered by an exorcist tc drive out evil 
spi r i ts . . . The danger here is particularly great because 
mathem.a i. clans generally regard these limit theorems as the most 
important and soph i st i cat ed fruits of probability theory, (pp. 

?l-^-320) 

Before -t-iynes, Poincare 1986i made a similar criticism in a even 

m.cre raciJ.cai tone: "Chance .Is only the neasuro of our ignorance.” (p.1359) 
Fhenemona appear to occur according tc equal chances, but indeed in those 
incidents there are many hidden biases and thus observers assume that chance 
^:iiono v;<cild d'cid-*. Jir.sc' authentic equality of opportuni t ies and fairness of 
outcomes are not properties of randomness, a proper definition of random 
Sciiiioling snouid bo a sampling process th.at eoch member v.’ithin a set has 
i. n d e e n d e n t: chances no be drawn. In other v/ords, the probability of one being 
sampled is not related to that of others. 

At the early stage of the development of randomness, the essence of 
randomness was be'lieved to be tied to independence rather than fair 
xt ep'resen t a ” ion . It is important to note that v/hen R. .A. Fi sher and his 
covvork-^rs introduced r andorui zat i.on into experiment, their motive was not 
trying to obtain a representative sample. Instead they contended that the 
v.ilue <M' an experiment- depends on the valid estimation of error (Cowles, 

In ether v/ords, the errors must be i ndependeni rather than sys teir.at ic . 
3e 1 rect i no oroce.ss . The ide.is of equality and fairness in random 

sampling load to another popular mind' bug: random sampling is a self- 
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correcting process i.e. different types of members of the population will 
eventually have a proportional representation in the sample (Tversky and 
[(ahneman, 1982). Myers ^" 990) found that a computer simulation is not 
effective in removing the preceding mi sconcept ion . Myers' finding is 
expected. First, a computer simulation tends to reinforce this erroneous 
belief. In a close system which is artificially generated by a computer, 
random sampling seems to restore equilibrium because variables in computer do 
not carry the complexity that are equivalent to the real world. Second, even 
a well-written softw’are can mimic the perplexity of reality, "independence," 
"equality," "fairness," and " non-sel f-correcting" are too abstract to be 
illustrated in a computer environment. Carnap (1988) aroied that one can 
generalize empirical laws, but not theoretical laws, from observing events and 
objects. It is unlikely that a learner v*;ill find out randomness does not 
guarantee equality and fairness after looking at the random sampling process 
on a computer screen many times. 

Peiationshin between sam.nl e, population and sampling dist ribut io_n ^ 

The concept of fair representation due to equal chances partly 
contributes to the confusion in the relationship among sample, population and 
sampling distribution. M.any learners tend to perceive that a sample or a 
sampling distribution conforms to the shape of the population (Yu and Spencer, 
1991). Further, students tended to forget the importai. of random 
fluctuation and think of their sample as though it were the population. This 
bvids to an under-appreciation of the role of probability in hypothesis 
testing as well, which will be discussed later. In addition, Yu and Behrens 
vl99i) found tiiat learners confused a sampling distribution with a sample i.e. 
Learners failed to understand that a sampling distribution is constructed of 
r he m^*ans from an irifinile number of samples, instead of being a 
representation of a single sample. As stated earlier in the dcj-inition, CLT 
tells th.at: tiie sum or average of a large number of independent random 
variables is approximately normally distributed. However, students failed to 
g^Tieralize beyond the s.-iriipling distribution of the mean (Yu & Behrens, 1994). 

in order t. o leiucdiate this misconception by computer simulation, the 
r-rogram should show the process of drawing samples from a huge population for 
const-rn.-t ing a sampling distribution. However, some programs show the outcome 
imn.c-diateiy after parameters have been entered, and leave the viewer to 

the fi’T'OCOSs (e.g. Thomas, 1 984) . Some provide only a small population 
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size imd thus tends to encourage the confusion between sample and population 
(e.q. Miltag, 1992; Lang, 1993). 

Norma li ty 

The confusion among sample, population and sampling distribution leads 
students to leave out important details of a normal sampling distribution such 
as asymptotic i.ai±s. There are four major properties in a normal curve. The 
feature that the total area underneath the curve is equal to 100 percent is 
straight-forward and causes less problems. Misunderstanding is likely to 
occur in asymptotic tai.s, symmetiy and identical central tendencies, and 
inflectio.n points. 

yrnp t o t i c t a i 1 s . By definition, a sampling distribution is infinite 
and asymptotic. However, when showing a normal population, sample, and 
samplinj distribution tc students, most students were unable to distinguish 
the sampling distribution from the other two. When students were asked to 
draw a normal curve, most of them represented a normal curve as an inverted-U, 
fail! no to represent tails that extend without touching the x-axi.s (Yu & 
oper;cer, 199-i). This misconcept ion may carry over to advanced statistical 
convrepcs. For example, Vu uxd Behrens (1994 ) found that quite a few students, 
including sophist icat ed learners, wondered why the normal curve in a pov-v/er 
simulation does not touch the x-axis vjhile power analysis is based on sampling 
dis tr ibut ions 

:-ymmetry. identical cent ral tendencies and inflection poin^.^._ M o s t 
student. s know that in a normal curve, the two halves below and above the 
centra] tendencies are symmetrical, and the mean, mode, and median are ail the 
sum-.'. However, this is a necessary but net sufficient condition of normality. 
Indeed, pi ay t okw rr. i c and leptokurtic distributions also share this 
cha ract er.i s t ic . Because of this over-qeneral izat Lon, playtokurtic and 
leptokurtic distributions are sox.ctimes mi .s j.dent i f ied as normal curves. As 
mentioned before, students usually represent a normal curve as an inverted-U 
( p 1 C'ku r t i c dist r ibution) . Many times both playtokurt i. c and leptokurtic 
d 1 .s t. r i bu t i. oris only have only one inflection point while a normal curve has two 
i n f 1 ec t ion point .s . 

We do not have empirical evidence to decide whether vi sual i zat ion by 
.^r^rnputer "ould p:-rnvide help in fixing those misconcept ions . Many computer 
simul.ai.ions do iK.t show the property cf asymptotic tails (e.g. Lang, 1993, 

M j t a.s i nqlie -:rt. al. l'.'<94). Slome programs used histograms rather than smoothed 
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curves and therefore inflection points are not obvious. To remediate this 
problem, VJolfe (1991) overlaid a density curve on a histogram. However, even 
if a computer program does illustrate asymptotic tails and inflection points, 
we doubt if viewers can discover these subtle features. 

;\s mentioned before, some programs use histograms instead of density 
curves to display distributions (e.g. kerley, 1990; V/olfe, 1991). Kerley 
f]990) acknowledged that the appearance of a histogram is tied to the number 
of intervals (bandv/idth) . It is quite often not apparent whether the 
distribution is normal or not. To compensate this limitation, kerley 
graphically illustrated the result of Kolmogor<>v-Smirnov normality test by 
confidence intervals. However, it may add more ccmplexity to the problem by 
explaining Kolmogcrov-Smi rnov test and confidence bands. 

Paramierers of sampling distribution 

Not only students had difficulties in identifying character! st ics of 
r.ormaJity, they also did not fully understand the parameters that determiine 
the normality of a sampling distribution, v/hich are sample sine and 
population. Vu and Behrens (1994) found that quite a few students viewed a 
normal sampling distribution as the outcome of a magical sample si2e--30. 

This ird sconcept io.n is popular! ned by scmie stat isticians who tried to set a 
cut-off point of large sair^ple size for generating a bell-shaped sampling 
di St r i br.t i on out of a non-normal population. Some argued that the sample size 
shouM at least 30, others have said 50 or 100, and some as high as 250 
t'f. Saddler, 1971; Marasinghe et al . 1994). Gordon and Gordon (1989) argued 

that if the samoie size is less than 30 and the population is not normal, the 
samplir.a distribution will be a t -dist r ibut ion, otherwise, a normal 
distribution. Some authors who applied ccm.put er-based instruction to 
^ 0 R;ediate mi scon tent i ons of CLT also erroneously adopted N=30 as the cut-off 
(e.g. Dambolena, 1986; Myers, 1990). The importance of the shape of the 
r^puiution is obscured with this kind of logic. V.’e agree with Marasinghe et 
al. (1994' that there isn't any -'Ut-nff due to the infinite degrees 

of ri'''n-n-'^rma 1 i t y the underlying populat-iori could have. The worse the 
distortion from normality, the h.igher the sampde size needed to form a normal 
snmpl i n j distribution. 

A ccrr.putor simulation is supposed to 'jirpi r i ca 1 ly show the above fallacy 
to learners. Howr 3 ve>:, some programs provide only one population (e.q. Thomas, 
id«4; Lana, 1993). In some other programs neither the population nor the 
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sample size can be controlled by users (e.g. Dambolena, 1984). Consequently, 
they Ollier l.i.tt]e help in clearing up this misunderstanding. By using a more 
versatile prO':fram S'iativtor (Wolfe, 1991), Yu and Spencer (1 994 ) asked the 
subjects to manipulate different cornbinat ions of sample size and population. 
Students c'ould immediately understand that the shape of the sampling 
di.st r ibution is a function of both parameters. 

Re ■ at ionshio between sampling distribution and hypothes is _t _es_t in c. 

Hypothesis testing as probabi 1 1st .lc inference. All the previous 
misunderstandings partly lead to the improper application of CLT to hypothesis 
testing. When the relationship amonq population, sample and sampling 
distribution is not clear to students, most students failed to understand the 
rationale of hypothesis testing in terms of CLT. In hypothesis testing v^e 
usually drav; or.ly one sairple out of the population and make inferences about 
the population based upon tl:e sinole sample. Some students perceived that 
this sample alone can reflect the characteristic of the population without 
knowing t.hai hypothesis testir'tg is a probabi 1 ist ic interenco based upon the 
theoretical infinite number of samples with replacement. 

It is i mt'jor cant to note that CLT is based upon the notion that 
probability is a long run rel.itive frequency, the ratio of the number of v^’ays 
an event can ocr'ur to the total number of possible events (Cowles, 1989) . 
ivOyplo this " I aundat ion" of hypotliesis testing v^;ithout realizing that 

t.here .ire other views to probability. Although James Bernoulli, one of the 
cfu/. i ibutcrs to- the development ot CLT, accepted the inductive theory of 
probability, he was also attracted by the subjective concept of probability. 
iWd.no t. oK.L .1 r ded by several incompatible ideas, hiC was not sure v\’here to rest 
^:ase (cited in Cowles, 1989; Hacking, 1971). Skipping the history of CLT 
and probabili‘"y in learn.ing the relationships between the theorem and 
hypothesis testing may create an over secure sense of hypothesis testing. 

False security of small and non~ncrmal samples^ The problem is 
I't-rplexed by snrpe stat l 5 :t ical instructcr.s and researchers who believe that CLT 
can "take cojc c'f" small or non-norrnal samples. For example, in the ListServe 
qr'"‘up Si'.at-L, a statistician said that a small sample size doesn't matter in 
hypothesis t e.st i.n 'j • because the t table and F table, which were computed based 
up-n samplinq d i si ri but ions , will adjust the degrees of freedom for small 
srimr-'i^s. Moreover, a statistician at ACT stated that a non-normal sample will 
i.ot -jffect parametric hy'pothesis testin^g, be.'^ause ac'-'ording to CLT, the 
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sampling distribution will eventually become normal. We suspect that this 
mi sconcept ion is related to the notion that "random sampling is a self- 
correcting process.” 

This represents a common confusion between the importance of the 
sampling distribution in hypothesis testing and the assumptions of a specific 
statistic (such as a t-test or an ANOVA) . This is illustrated in a textbook: 
"Since the sampling distribution, and not the population, is used to test 
hypotheses, this means that whenever the sample is large we can completely 
relax the assumption about normality of the population and still use the known 
characteristics of the normal curve to test hypotheses." {cited in Brewer, 

1985 ) . 

None of the software packages we reviev;ed addressed the above issues. 
This conceptual problem is more likely to be effectively taught by other media 
such as a lecture or a book rather than a computer package. 



There is Ci strong support for the efficacy of dynamic computer graphic 
a.s an i ri 5 :t ruct ional medium (e.g. Flake, McClintock, & Turner, 1985; Riskin, 
1990; Myers, 1990). The supporting Theories that Myers (1991) adopted are 
Fiaaet'* s ccunl r ive model and Const ruct ivisni . The former states that learners 
are benefited from linking abstrrBct ideas with concrete represent at ions . The 
latter endorses interactive media because students can construct knowledge 
throuuh interaction rsither than accepting information without deep processing. 

Xhere are some drawback.s in the above applications. By dividing CLT 
into components, it is obvious that some aspects of CLT can be clearly 
illustrated Iv scn.pu tr;)' -vdtware but some cannot. Foi example, dynamic 
viontputer graphic can rerform the function of showing the process of samp] i ng 
di .s 1 1 ibu t i on . Put it is difficult to p-rese.nt cuss tract concepts such as 

"equality," " independence , " and re 1 a t ionsi! i p between CLT and hypothesis 
t o s r i n g b y g r a r h i c a i e x amp 1 c s . 

The ronst ru 7 t i vis t at-proaoh gives If^cirners much freedom to explore and 
-r-.nst rn. 't ivdeas on thoir :<wr:. We are afraid that employing this approach to 
le^.n CLT niay cauc^e tore n i sc -ncept i ons . As montione-d before, some subtle 
teat lire;-' such as isymptcu Ic t^ils and ewe inflection points of a normal 
di 1 i but i ■ -n .'inn-'e he easily -bseived by b.'.mncrs withtjut explicit verbal 
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In conciusicn, v;e recommend t 
instruction, statistical teachers s 
aspects of CLT by telling both corr 
should be paid to the relationship 
competent st at 1st icians still commi 



hat in addition to computer-assisted 
hould explicitly address all crucial 
ect and incorrect concepts. Attention 
between CLT and hypothesis testing because 
t mistakes in this regard. 







CLT 12 



Re f erer 



h,".zel, A. D. (1995/. Statisnies: Concepts and avr 1 1 ca t ions . Chicago: Richard 
D. Irwin, Inc. 

Bradley, D. R. (1984 .Rprii). Corr.outer sirriulation of classic studies in 
Dsycholoov . Paper presented at the Annual Meeting of the Eastern 
Psychological Association, Baltimore, MD. 

Bradley, D. R. , Hemstreet, R. L., & Ziegenhagen, S. T. ^992). A simulation 

laboratory for statistics. Behavior Research Methods, Instruments, 
Coiriout er s . 2J_, 190-204. 

Brewer, J. K, (1987}, Behavioral statistics textbooks: Source of myths and 
rr.i s con sect i ons? J c u r n a 1 of Ed u c ct 1 1 c n a 1 ? t a t i s 1 1 c s / i., 252-2G&. 

Br ightrr.an, H. J. (1986). Statistics in clain English. Cincinnati, OH: South- 
V;e stern F u r : : s h i n g Co . 

Carnap, P. (i9?8). The natu’-e of theories. In Kiemke, ilollinger, A. D. 

K1 i ne (Eds . ) , Introdu:tory readina.s in the ohllosochv of sci err^e { or . 



' Pi ST Cl 



:t IV- . 



C ■ . '.V J. e s , M . ( 9 0 y . S t a 1 1 s t its i r, p s c r. o 1 1 g y : /".n n s ■ - c r p t 

H i 1 i sda le, Sew Jersey : LEA . 

Lamcol^n'i, I. C . (1 984) . Teaching the cent ral limit tneoren. througn ccrr.ruter 

s iii-ui at on . M ^ t h e t \\ a t i, c s a n d C c m.r u t e r E d n c a t j c n , IJif 128-132. 

' t ■'* r a , . L «' '■-« e ' . tL-m ri' 5 s i r':* i i ^ 1 1 1 T; i n statu s t ^ Cci 1 r o s . C o j i . vg . i j ^ 

Flake, =. L. , McTl intock, C. E., S Turner, J. V. (1982; . Fundament ait of 
^ tmr ut e r edu ca t ion . 3-'=' Imor. t , CA : Wa ds wo r t h ? ub 1 i s ti i ng Company . 

s:mr.:ing ai s t r icu" : cr.s . Mu the:.. i and ^omr u^ -r Educat I on . 21, -l-'-iT 

' ■‘^M L'l ■ ^uns BtrrmuMhu ir‘ 'f n rl or i n g . ^ t i h .My rr; a : 



' t t . . 



7. . P/'f-oabi li tv Ihq-T-,-: Th.c 3c u; vi :■ ■ ■ ■ -j:. ^ j 1 1 

/'.va 1 Mjf. i V( ‘lid V. 'i d*"* : ho.t't nat o : 

M : / -v;ww.r C h . a 1 1: ar.v . -^d ■ Myn-'-cCc. ',k . rMml . 



: c ^ c . *■! iliip t. j t to m. i 



’ • c.i.utoT E iu - it ^ - t./ 






o 

ERIC 



it; 



CLT 13 



Ar. in" r.^ 'iu-”*: . P c s t cn , MA : ki 1 y r'. and r ■:! cc n, T nc . 

H. , meriker, v;., rook, D. , ^ Shin, T. S. (]9w-; August). Using 
iraohios and simulation teach statistical concents . Paper presented 
at the Annual n.ec-tinu of the Aur.erican Statist! oian .Assooiat ion , Tcro.nto, 
Cana d a . 

X i t t a 7 , K . C . ; i 'r; .Apr i 1 ; . i'sir'ia oomputers to tea oh the concepts of the 

l^entral Lio:it Theorera. Paper Presented at the Annual Conference of the 
Arr.eri^an Pduca t i onai Research A.ssociat ion, San Francisco, CA {ERIC 
i: cur.ent rnr r tduc t ion Corviro l':z . 3*^9 . 

C. C. XuCahe, . ?. .I-'n33). 1 n t r o due t j o n t , o the p r a c t: i e o f 



r^ t: s t Cm . : ; V w !' r r: : '.f . H . F r e e :r a n and Co rt p a n y . 




CLT 14 



un rrair.r V : heuristics and biases (op. 3-19). Cambridge: Cambridge 
Ur.iv. press. 

V'u, C. H. Bc-hrens, J. -1994 August). Mi sconceotions in statistical Power and 
dvr.ami ■: graphics as a remediation . Poster session presented at the 
Ai'i.nua] Meeting of Ajrierican Statistical Association, Toronto, Ontario, 
Canada . 

Vu, . H., S Spencer, A. [1994) . An instructional desion system of using 

:oi:(putei si iiiul.^t ions for teaching the Central Limit Theorem . Cnpublished 
rnanuscr ipt . 

Vi:-L'S •: ---r , E. !199C •. Eviluatior. cf comp.'Uter software for teaching statistics. 

T 'iri.ril ^'^r-ruters in mathematics and science teaching . 1 1 . 3“?7~391. 

rn^-nr • Cnrinn r r r r Tn^n t 












t U C 1 j 



Mi^:hi gan . 




} 



I) 



